This study utilized remote sensing and spatial-statistical geostatistics to model future land degradation in the mud-beach coast of southwest Nigeria. Current landcover was derived from Landsat ETM + data. Model input data consists of 12 predictor variables. Attribution of weights to variables was done through multi-criteria evaluation. These weights were used to develop logistic regression function for simulating probability surface maps. Degraded lands accounted for about 30.2% of the total landcover with permanently inundated lands and bare surfaces contributing 22.4%. The results suggest soil, geology, elevation, distance to ocean, and location of old bitumen wells as the most important predictor variables. Simulated composite probabilities for transiting into degraded lands range between 0.4184 and 0.4871 in the next 20 years (from 2001) to between 0.4284 and 0.4973 in the next 100 years. Mangrove, scrub/coastal grassland, farmland/fallow and built-up areas appear to have higher probabilities, while the palm swamp ecosystems have the least.
Introduction
Disruption and degradation of terrestrial ecosystems present fundamental natural resource challenges to environmental scientists, analysts, managers and planners. Land degradation, as an integral part of terrestrial environmental changes (Riebsame et al., 1994) , represents a decline in the usable natural resource base (Lambin, 1997; Mitchell, 1989) . It also signifies a reduction in the capacity of land to produce desirable biomass (Zurayk et al., 2001) . It impairs ecosystem functions and services (http://www.maweb.org/documents/document.299.aspx.pdf), and presents potential threats to people, livelihood and make them vulnerable to other hazards (Verstappen, 1999; PRB, 2001; UNEP/GRID-Arendal, 2005) . Land degradation is a strong factor in changes in terrestrial ecosystems brought by human activity (Ojima et al., 1994) . It diminishes the resilience and ability of ecosystems to absorb perturbations (Fasona and Omojola, 2009 ). In recent times, studies have also suggested that increasing degradation of land ecosystems has serious impact on climate with a general tendency for rainfall and evaporation to decrease (Taylor et al., 2002; Abiodun et al., 2008; German Advisory Council on Climate Change, 2008; Wang and Eltahir, 2000; MacKellar et al., 2009; Fuller and Ottke, 2002; Hoffmann and Jackson, 2000) . A degraded land that is perpetually exposed to climate and human induced forces is susceptible to declining ecosystems function including production and self-regeneration unless consciously redirected.
Biophysical degradation of land may be caused by a range of factors including natural forces and human-induced disturbances such as prolonged use or mismanagement of land (Veldkamp and Fresco, 1996; Feng et al., 2009) . Except where occasioned by spontaneous natural or human action, land degradation is a creeping disaster. It often begins as isolated patches scattered across an area and progresses in discontinuous fashion. If not addressed on time, it expands and combines and before long a large area is affected. This progressive slow-steady process While the proximate factors may be easy to model, the deeper underlying drivers that control the rates of change operates at a higher level of the hierarchy. However, modeling the operation of both driving forces requires the combination of system, actor-based and narrative approaches through multiple-criteria evaluation (Veldkamp and Lambin, 2001 ). According to Veldkamp and Lambin (2001) , landuse change models are often used to assess the impact of landcover on biophysical processes, e.g. climate variability, land degradation, ecosystem stability and diversity. A vital prerequisite to the development of realistic models of landuse change is the identification of the most important drivers of change, and how best to represent them in a model. The selection of candidate predictor variables thus relies heavily on prevailing theories on driving forces, knowledge of local conditions and data availability and quality (Veldkamp and Verburg, 2004) . Landuse change models too are abstractions and approximations which fall short of incorporating all aspects of reality, but provide valuable information on a system's behaviour under a range of conditions. Some elements of subjectivity may therefore be expected in the selection of input variables. As a standard procedure, they equally need to be sieved through to seek out the one that is better suited for understanding the problems at hand (Hagget & Chorley, 1967; Lambin, 1997; Mazerolle, 2004; Veldkamp and Lambin, 2001 ).
Spatial-statistical models which are spatially explicit are born from the combination of remote sensing, GIS and multivariate mathematical models with emphasis on spatial distribution of landscape elements and changes on landscape patterns (Lambin, 1997) . They satisfy the key tests of spatial explicity including the invariance, representation, formulation and the outcome tests (Berger et al., 2002) . This family of models project and display in cartographic form future landscape patterns which would result if the present land management practices continue. For instance, they analyze the location of landcover changes in relations to maps of natural and cultural landscape variables within a GIS. Spatial-statistics models are useful for predicting the location of future changes and vulnerable places to change which help to mitigate negative impacts on specific places and people (Braimoh and Onishi, 2006) . GIS is important for developing spatial-statistical models because it provides the foundation for representation and handling of spatially explicit information. It also accepts a wide range of analytic and modeling functions. Spatial-statistical landuse change models offer the possibility to test the sensitivity of landuse patterns to changes in selected variables. In addition, they allow testing of the stability of linked socio-ecological systems through scenario building (Veldkamp and Lambin, 2001) . They often use the binary logistic regression which is an example of binary choice models. The use of logistic regression for generating models in landuse change and environmental studies has been predicated on its ability to accommodate dichotomous data. It requires no elaborate number of assumptions and also allows for categorical data in the independent variables. It eliminates homoscedacity assumption and normally distributed error terms associated with other multivariate statistics (Mitchell, 2001 ).
This study tests the applicability of spatially explicit spatial-statistical geostatistics model to simulate ecosystems degradation in a densely settled rural tropical coast. The Mahin mud beach coast of southwest Nigeria (the study area) is already being ravaged by degradation including sea water incursion and decimation of delicate ecosystems, coastline erosion and up-root of communities, and accelerated sedimentation of ponds, lakes and lagoons. The paucity of information on underlying drivers and processes leading to ecosystems degradation and the extent to which livelihood of inhabiting communities have been impacted (Iyun, 1998) makes this study exploratory. Thus, the objectives are to (a) map the coverage of ecosystems degradation (b) determine the important proximate drivers of ecosystems disruption and degradation, and (c) simulate the magnitude of probable future degradation.
Materials and methods

Study area
The study area is the Mahin transgressive mud-beach coast of southwest Nigeria sandwiched between the Lagos barrier lagoon coast and the arcuate coast of the Niger Delta. extending 88km along the coastline and between 19 and 50km inland from the Atlantic coastline (Fig 1) . The general climate is tropical humid condition of the Koppen-Geiger Am classification (Kottek et al., 2006) . The mean annual rainfall is about 2,721mm, mean annual number of rain days around 170, mean monthly rainfall around 229mm and mean annual temperature of about 27.8 0 C (Fasona, 2007) .
The mud beach coast evolved from the growth of the Niger delta into the gulf of guinea following gradual retreat of the sea after a short-lived Paleocene transgression (Wright et al., 1985) . Major geological formations include general alluvium, lagoonal marshes, abandoned beach ridges and coastal plains sand. The exposures on the general alluvium reveal coarse, clayey, unsorted sands with clay lenses and occasional pebble beds which are lithologically indistinguishable from typical coastal plains sand strata (Jones and Hockey, 1964) . These formations produce generally swampy soils on the nearly level coastal plains sand on alluvium, and very deep, well drained soil, with very dark brown to dark brown surface sands from the nearly level coastal plains on coastal plain sand (Federal Department of Agriculture and Land Resources, 1985) . Elevation rises from about 1m along the coastline to between 35 and 55m in the upland (Fasona and Omojola, 2009; Iyun and Oke, 2000) . Although the firm upland area in the north is dissected by some seasonal rivers of the western littorals, surface drainage is sparse around the coast.
The original vegetation types consist of heavy forests and creepers, mosaic of forest and raffia complexes, and some red mangrove (rhizopora) around the coast (Akegbejo-Samson, 2008) . However, with active forest removal going on in the northern axis and extensive areas of marsh and mangrove forests being decimated in the southern parts, a large stretch of land along the coastline is now permanently inundated. This poses the likely danger of compromising livelihoods and food security for thousands of peasant population in hundreds of rural communities. There is a dearth of literature on the onset, magnitude and major drivers of ecosystems degradation in the mud beach coast. The main degradation processes identified include the emergence of scrub/coastal grassland (an indication of persistent pressure on other ecosystems), permanent inundation of lands (a likely pointer to land subsidence), coastline erosion, canalization, open burrow pits or excavations, and inundation or accelerated sedimentation of small lakes, ponds and lagoons. These became more pronounced around the 1970s when the mud beach coast started experiencing increase in off-shore oil drilling activities (Iyun, 1998; Fasona and Omojola, 2009) . Outside the coast of Lagos, the mud beach coast is probably the most densely settled portion of the Nigerian coast with clusters of first-line settlements. Livelihood activities revolve around fishing and farming. The inhabitants of upland settlements are peasant farmers while the coastal communities rely on the inland ponds, lakes and small lagoons for fishing. Some relatively bigger communities also thrive on native gin (locally called 'ogogoro') production from raffia palms that dominate the palm-swamp ecology of the creeks. Lumbering is also an important and lucrative trade as suggested by large number of logs on the creeks waiting to be floated to sawmills in Lagos.
Data and data sources
Spatial datasets utilized include landuse and landcover (LULC) data derived from Landsat ETM + imagery acquired in 2001, geology, soil, elevation, and oil related spatial data including location of oil fields and flow-stations, pipelines, and old bitumen exploratory wells. In addition, locations and names of communities were digitized from topographical maps and verified on the field. Table 1 shows the characteristics of these data and the candidate predictor variables generated from each. The scale of the original data sets was emphasized to show the spatial resolution disparity of available data sets in the study area which is typical of most parts of the country.
Procedure
Image analysis, classification and interpretation
Standard UTM grid rectified Landsat 7 ETM + image bands (1, 4, and 7) sourced from the freely available USGS Landsat on-line data archive (www.landcover.org) were stacked into true colour composite image for further analysis. The image acquired in dry season (February 2001) provided a good basis to isolate changes due to slow and persistent land degradation from the effects of rapid and spontaneous processes such as rainfall, flooding and tidal action. The USGS Anderson land classification scheme (Anderson et al., 1976 ) was adopted and modified to generate suitable LULC classes. A heads-up visual classification procedure based on observed spectral, tonal, and colour was employed for extraction of landuse and cover information from the composite imagery. This becomes necessary because the vector product derived from the image interpretation process is required for integration with other vector data layers on Table 1 . Identification, delineation and classification of features from the imagery were done at a consistent scale of about 1:50,000 with a minimum mapping unit of 0.5ha. LULC classes interpreted from imageries were validated for accuracy with fieldwork carried out using Garmin76 GPS. A total of 585 points from fairly homogeneous stands were captured and their attributes recorded. The points were downloaded, analyzed, and used for quantitative assessment of attribute accuracy for the image-derived maps (Jensen, 1986) . The computed overall map accuracy was 87.4%, with average omission and commission errors of 11.1% and 9.1% respectively.
Selection of predictor variables for land degradation modeling
Twelve proximate spatial predictor variables (physical and human influence factors) were selected for analysis. The choice of these variables was based on data availability, perceived importance in influencing LULC change and land degradation, and ease of their parameterization. Although this shift from driving forces to proximate causes, for data convenience, might obscure causality (Veldkamp and Lambin, 2001) , it is however a good probing start especially in an area where little information is known about the inter-relationships between different processes simultaneously responsible for ecosystems degradation. The variables selected include distance from old bitumen exploratory well (OLDWELL_), distance from road (ROAD_5M), soil type (MAH_SOL), distance from known oil field (OILFIELD), geology type (GEOL), distance from known oil flow-stations (FLS), distance from natural drainage (DRAIN_P), distance from dredged canal (DRAIN_LI), elevation (ELEV), distance from the ocean (OCEAN), distance from human settlement (BUA), and normalized difference vegetation index (NDVI86). Elevation was derived from a level II digital elevation model (DEM) created from digitized contours and spot heights from the sets of 1:50,000 topographic maps. Geology data file was derived from the digitized geological map, and soil types from digitized soil map. NDVI was derived by processing bands 3 (R) and 4 (NIR) of the Landsat imagery, while distances from the ocean, human settlements, dredged canals, and roads were generated from the derived LULC map. Oil fields and location of flow-stations were digitized from oil infrastructure base map, while the locations of old bitumen exploratory wells were digitized from the geological map.
Generation of weights for the criteria
Multi-criteria analysis based on weight attribution as used in some other geo-environmental researches (see Wheeler 1994 ) was employed. The predictor variables were ranked, with scores assigned and weights calculated for each variable class (Table 2 ). Weights were allocated based on their assumed vulnerability and resilience to land transformation and degradation elements. The generation of intra-class weight was straightforward. For elevation, geology and soil, intra class weight was based on perceived susceptibility or resistance of the different sub-classes to land degradation. A more resistant class has lower score than a less resistant or more susceptible class. For the index of greenness, the NDVI was categorized into 10 classes to obtain aggregate categorical values for the pixels.
For other layers including distance from ocean, distance from known oil field, distance from drainage, distance from human settlement, distance from old bitumen well and distance from dredged canal, values were generated by creating concentric buffers at desired intervals around the different features of interest and assigning them values. The values of the buffer zones decrease outward and thereby represent diminishing severity of effects. Each variable layer was converted into raster grids of 30m, and their cell values recalculated with the aggregate weight of each sub-class. The cell values for all the raster grid layers were digitally written into the polygon attribute table (PAT) of the Landsat image-derived LULC map (LU2001.shp) using the spatial collocation principle. An additional Boolean field depicting the presence/absence of degradation for each record in the PAT was added. Figure 2 shows the framework used for developing the probability surface maps.
Spatial-statistical model development
Land degradation is viewed as an incremental process, and the relations between land degradation and its driving factors are therefore evaluated using binary logistic regression (Lambin 1997) . In this case, logistic regression function is used to indicate the probability for a certain polygon to be degraded given a set of driving factors, as expressed by:
Where: In is the natural logarithm, p is the probability of an event occurring, a, b and c are coefficients, and X1 and X2 are the independent variables (driving factors).
With the functional form in (ii), the denominator approaches a value of 1 as the value of a+bX1+cX2.... increases and the entire equation approach a ratio 1:1 or high probability. Conversely, as the value of a+bX1+cX2.. decreases, the exponent term in the denominator increases thereby reducing the overall ratio of the equation. As the exponent term increases more and more, the equation as a whole approaches zero. The PAT for LU2001.shp was transferred into SPSS software, a binary logistic regression analysis was run and the model output parameters (log likelihoods, number of variables, confidence intervals, etc) were inspected. Five models were developed using combinations of different independent (predictor) variables.
Model evaluation
Check for multi-collinearity
The check for multi-collinearity is a way of assessing the true independence of variables and check for the presence of redundant and causal-irrelevance predictor variables that has possibility of inflating the standard error of the coefficients. The stepwise process in the regression procedure helps to assess any multi-collinearity problems (Kok and Veldkamp, 2001) . No multi-collinearity was detected among the 12 independent variables (covariates) used.
Test for spatial autocorrelation
Spatial analysis frequently employs model-based statistical inference, the dependability of which is based upon the correctness of posited assumptions about a model's error term. The assumption of independence of factors is a condition of classical statistical methods. Spatial autocorrelation, a hallmark of geographic data and basis for defining spatial organization, invalidates this assumption (Overmars et al., 2003; Griffith, 1987) . Spatial statistics is a set of statistical tools used to exploit spatial autocorrelation contained in georeferenced data usually for spatial prediction purposes. In its simplest form geostatistics is a set of techniques for estimating the local values of properties that vary in space from sample data (Curran and Atkinson, 1998) .
Spatial autocorrelation defines how lots of complex systems involving human-environmental interaction and processes of eco-geographic significance propagate across space. Based on this, several works related to the present study have explored the spatial autocorrelation advantage to model processes including urbanization (Braimoh and Onishi, 2006; Fang et al., 2005) and agricultural landuse (Gobin et al., 2002) among others, using spatial-statistical models developed through logistic regression. Some other family of landuse models which employ the cellular automata and Markov principles where landcover changes develop as growth process in areas of high suitability proximate to existing areas (Eastman, 2009; Pontius and Malanson, 2005; Pontius and Schneider, 2001; Hall et al., 1995) also explore the spatial autocorrelation advantage.
However, non-spatial analysts especially view spatial autocorrelation as interference because mean response and standard errors improve when spatial autocorrelation is accounted for (Overmars et al., 2003; Griffith, 1987) . Ignoring latent spatial autocorrelation results is, therefore, not advised because it increased uncertainty in model results (Kok and Veldkamp, 2001) . It is important when working with georeferenced datasets to compute a spatial autocorrelation index to determine the degree of autocorrelation in the factors (Griffith, 1987; Kok and Veldkamp, 2001; Dale and Fortin, 2002) before deciding the next step.
The Moran's I spatial autocorrelation index was computed for the 12 predictor factors within ArcView 9.2 ® software using the inverse distance function. Given a set of features and an associated attribute, it evaluates whether the pattern expressed is clustered, dispersed, or random. The tool calculates the Moran's I Index value and a Z score evaluating the significance of the index value and the results are shown on Kok and Veldkamp, 2001 ).
Akaike Information Criteria (AIC)
A solid framework for a systematic validation of projections generated from landuse change models is important (Veldkamp and Lambin 2001) . Unlike in ordinal least squares (OLS) regression where the coefficient of determination (R 2 ) gives a measure of model fit, the logistic regression has no such equivalent. More importantly, traditional hypothesis testing which treats observations as either true or false and the human assigned significance values (ά) may not be representative of environmental and natural processes (Burnham and Anderson 1998) . For this study, the model's goodness of fit was evaluated using the Akaike Information Criteria (AIC) (Burnham and Anderson, 1998; Mazerolle, 2004) which offers an alternative to the traditional hypothesis testing. The AIC evaluates the degree of truth associated with each model (in a suite of potential models) and the best combination (lowest value) of goodness of fit (log likelihood) and complexity (number of parameters) and then selects the one which best approximates the true processes occurring in the observed data. This is represented by:
Where -2loglike is the goodness of fit or log likelihood of a specific model, and K is the number of parameters estimated for the specific model.
Parameters are the estimated slope coefficients for the model plus the constant term (intercept). Hence, the K value equals the number of independent variables in the model plus 1. Thus AIC can be corrected for sample data using:
Where AICc is corrected AIC, K is the number of parameters and n is the sample size.
In a suite of candidate models, the one that yields the smallest deviation when the minimum AICc is subtracted from the others is theoretically assumed to be the best model (Bedrick and Tsai, 1994; Cavanaugh, 1997) . Akaike weights (AIC {wi}) which represents the ratio of ∆i values for each model relative to the whole set of all candidate models also provide another measure of the strength of evidence for each model.
Probability surface maps
The coefficient and covariates of the logistic regression equation are provided from the SPSS analysis results. The model equation is transferred to GIS. The vector file LU2001.shp is then converted into a raster grid file. Using the spatial analysis tools within GIS, probability surface maps were simulated from the LU2001 grid file by keying in the model function. Probability maps were simulated for 2001 (to compare with the real map) and for the years 2021, 2031, 2051, and 2101. These maps express the probabilities that a given class will be degraded in the next time period.
Results and discussions
Coverage of degraded lands
The degraded ecological classes observed from the analysis of the Landsat imagery-derived LULC map of 2001 and their corresponding extents in 1965 and 1986 as reported by Fasona (2007) are presented on Table 4 . Degraded lands accounted for about 30.2% (from 10.5% in 1986) of the total landcover of the mud beach coast in 2001. Permanently inundated lands and bare surfaces jointly contribute about 22.4% of degraded ecosystems. Bare surfaces include areas where saline intrusion has occurred, eroded/out washed surfaces, and exposed white (glass) sands which are typically un-productive and devoid of any vegetal cover. A comparison with results for previous decades shows no mappable degraded ecosystem in the 1960s while bare surfaces rose from 1.7% in 1986 to 12.4% in 2001. A popular thinking by the local population is that the saline water inflow and permanent inundation recorded in the mud beach coast are externalities of oil exploration activities (Iyun, 1998) . The period 1980s coincided with upsurge in offshore oil exploration and drilling activities and construction of canals to facilitate movement between the creeks and off-shore fields and to route pipelines that connect on-shore oil wells and offshore platforms to flow-stations and tank-farms which are located in the Niger Delta wetlands. These constructions led to decimation of delicate freshwater mangrove and marsh ecosystems through saline water inflow into land areas.
The summary of the major degradation types, their driving factors and the rate of their propagation, and by implications, the loss of critical natural resource stock are shown on Table 5 . The identified drivers of ecosystems degradation include oil prospecting and exploitation activity, agriculture and logging activities, and to a lesser extent, natural coastal processes. The decimation of marsh and mangrove ecosystems, sedimentation and inundation of lakes and small lagoons, loss of livelihood, dislocation of local economies and uprooting of communities experienced in the mud beach coast are pointers to the impacts of active land degradation processes. Some of the socio-ecological dimensions of human-induced land degradation especially on human livelihoods have been discussed in an earlier paper (see Fasona and Omojola, 2009 ).
Predictor variables for ecosystems degradation
The binary logistic regression of the 12 predictors with the discrete dependent variable was constructed in the statistical package for social sciences (SPSS) using the block entry of variables method which builds the equation by entering all variables (covariates) into the model at once and achieves the equivalent of a simultaneous multiple regression (SPSS for Windows 15.0.0, 2006). The cut value for both step 0 and step 1 iterations is 0.100, and the overall predicted percentage was 51.6%. The log likelihood (-2LL) for the global model (that utilizes all the 12 variables) is 652.335, and the Cox & Snell R 2 and Nagelkerke R 2 respectively indicates that 8.4% and 14% of the variance in the dependent variable is explained by the covariates. This suggests that the underlying drivers, which in this case should include the influence of oil and gas activity, government policies and demographic changes constitute very strong influence for explaining the rate and pattern of transformation of good lands into degraded lands in the mud beach coast.
In the result for the performance of the predictors (Table 6 ), the β column lists the constant (intercept) and coefficients for the logit equation. The relative contributions of independent variables to landcover transformation into degraded lands are indicated by Exp(β). An odds ratio that is greater than 1 indicates a positive effect, i.e. the odds of land degradation increases with a unit increase in the independent variable by 1 standard unit. On the contrary, an odds ratio that is less than 1 indicates that an increase in the independent variable decreases the odd of land degradation. An odds ratio of 1 suggests that the odd of land degradation is neutral to an increase in the level of independent variable. The results suggest that adding one more unit of distance to old bitumen exploratory well (OLDWELL_) increases the odd of land degradation by a factor of 1.045. In the same way, one more unit will increase the odd of land degradation by 1.002 for soil, 1.003 for geology, 1.027 for elevation and 1.021 for distance from the ocean. On the other hand, and logically too, the odd of land degradation decreases with increase in distance from road, distance away from oil field, distance away from flow-stations, distance away from drainage, distance away from dredge-canal, distance away from human settlement, and index of greenness. Old bitumen exploratory wells, soil, geology, elevation and distance from the ocean with Exp(β) values above 1 are therefore regarded as the most important predictor variables for land degradation. Substituting the coefficients and covariates for (ii), the logistic probability function for the model is written as: 
Simulation of probability surface maps
Five candidate models were developed from the 12 predictor variables and the ranking of the model according to their suitability is done based on the deviation of their AICc from the minimum AICc (Mazerolle 2004) as indicated on Table 7 . The global model incidentally has the least AICc (678.77), the highest complexity (13), and the highest Akaike weight (0.99) and is theoretically taken as the best of the candidate models. The global model (model with rank 1) was used to simulate probability surface for the initial (2001) year (Fig 3b) for comparison with the real LULC map (Fig 3a) derived from Landsat imagery. The function was modified to simulate probability maps for future dates by holding the values of all coefficients and covariates constant while varying the value of the intercept in the equation using: A visual comparison of the true map and the simulated map shows that the model simulates well in most parts of the study area. For example, the degraded areas running east-west along the coastline from the mouth of the Benin River to the boundary of Ogun State was well captured by the model up to Aiyetoro area. The different landcover types, especially heavy forest and palm swamp, cultivation and built up areas were also well simulated.
The river network and water in over 65% of the area was also well captured. However, the model appears to have some problems in a localized area around the Benin River estuary where it was unable to simulate the estuary and some other small rivers forming a network west of the Benin River. This may probably have been the result of the wide spatial resolution disparity in some of the data sets and the incomplete geological data coverage. The original geological data did not cover that small part of the study area and was therefore extrapolated.
The 
Implications for natural resource management
The impacts of increasing ecosystems degradation on the livelihood and well-being of rural population inhabiting the mud beach coast include saline water intrusion into freshwater and land surface leading to decimation of delicate ecosystems, permanent inundation of lands, inundation and siltation of ponds, small lakes and lagoons, inability to use the land for productive purposes, dislocation of the local economy, loss of livelihoods and occupational shifts, uprooting of settlements and forced (environmental) migration with concomitant social and psychological stress from loss of ancestral homelands, loss of biodiversity, etc (Fasona and Omojola, 2009 ). The coefficients generated by the model are also significant enough to command attention as regards natural resource management and integrated resource planning. Mangrove, scrub/grassland and farmland/fallow ecosystems and built-up areas also appear to have higher simulated probabilities of being degraded in future. This portends serious implications in the future for these delicate ecosystems (which are already seriously decimated) and the habitation and livelihoods of the rural population. This also suggests that more communities may need to relocate in the near future, while the productive lands (upland) that currently support their livelihood may possibly be impacted. The palm swamp ecosystems have the least simulated probabilities of being degraded. This does not suggest that they are not under serious threat. This could be explained by the difficult and inaccessible terrain around them. The high simulated probability for built-up area is also very disturbing. Evidences of abandonment of rural settlements due submergence and saline water inundation, coastal erosion, and disappearance of sources of livelihoods abound. If this trend continues, more presently inhabited rural settlements may be abandoned for new locations in future.
In this study, only 6 of the 12 predictor variables used (old bitumen exploratory wells, road, oilfield, flow-station, drainage line canal, and built-up area) are directly related to human activities while the remaining are the site characteristics of the study area. The influence of underlying forces including economic and political policies that can trigger rapid and spontaneous ecosystems perturbation through large scale on-shore mineral exploration, massive logging, ecosystems destruction for large scale agriculture, and generally, widespread human modification of the environment was not included in the model. Therefore, if we assume that the current rate of transformation of good lands into degraded lands and natural resource depletion will be sustained, the mud beach coast will fare worse in future scenario.
Although the scenario presented in this work is yet to be validated due to inadequate baseline data which throw up the issue of uncertainty, it is presented, therefore, to elicit awareness and discussion support by all stakeholders -governments, oil industry operators, communities, and civil society organizations -for environmental management in the mud-beach coast. Scenarios such as this has been used for climate impact assessment on aspects of socio-ecological systems including water resources, coastal zones, agriculture, human health, forestry, energy, livestock and grasslands, fisheries, forestry, wildlife and biodiversity (Tol, 1998; Smith and Hulme, 1998) . In areas (such as the mud beach coast) where livelihoods thrive on natural resource capita, environmental management dictates sustainability of livelihoods (UNEP-UNDP, 2009). A degraded environment increases people's vulnerability to environmental shocks. Improving the ways in which environmental resources are managed and mainstreaming livelihood-environment linkages into planning will increase the resilience of poor rural communities to environmental shocks and risks.
Conclusions
Human induced land degradation poses serious threat to the environment, the natural resource stock and the livelihoods they support in the mud beach coast. The area has experienced ecosystems degradation which has impacted rural livelihoods and homelands (Fasona and Omojola, 2009 ). However, an integrated picture of the social, economic and ecological impacts has not emerged. Critical data required towards formulating an integrated natural resource and environmental management plan to ensure environmental sustainability is also not available. For a coastal environment with large deposits of hydrocarbon and footprints of accelerated degradation from mineral exploitation, this lack of information is a recipe for ecological disaster. This study is an exploratory attempt to investigate the problem and provide some baseline data for future in-depth studies. It utilizes remote sensing, geographic information systems and spatial statistical model to diagnose the present state of ecosystems and project probabilities of transition of healthy ecosystems into degraded lands in future scenarios.
We have shown in this study that over 30% of the land has been severely degraded in less than four decades with no artificial restoration taking place. There is over 40% chance that more ecosystems will be degraded in future scenarios. We have also shown that the location of old bitumen exploratory wells, soil, geology, elevation and distance from the ocean are the prime proximate drivers of ecosystems degradation. This is plausible due to the possibility of a strong association between soil, geology, elevation and distance to the ocean in the mud beach coast. The location of old bitumen well used as proxy for real or present oil wells will, however, create an underestimation of the contribution of oil well location (and all activities that go with it) as a predictor variable. These bitumen wells were captured from geological map prepared at the onset of oil prospecting in the early 1960s. Since then exploration activity has been intensified with many wells now drilled in the on-shore swamps and mangroves. Unfortunately, most of the spatial data on these are not available in the public domain. Hence this study is limited to what was derived from satellite imageries and base maps. This suggests that the magnitude of direct contribution from oil activity to present and probable future degradation of ecosystems in the mud beach coast may be far greater than estimated in this study.
The social and economic impacts of ecosystems degradation and the extent of biodiversity losses are yet to be fully assessed. Field-scale investigations of biodiversity losses, social implications and adjustments, as well as economic evaluation of natural resource and biodiversity losses should be the thrust of future research in the mud beach coast. The influence of future climate change was also not included in the analysis. The mud beach coast is a low-lying area that is highly vulnerable to a possible rise in sea level due to climate change. Climate change may thus constitute an added stress to already threatened ecosystems (UNFCCC, 2007) . Future research should also focus on the contribution of climate to the current situation to see how the future scenario will evolve by including climate change as one of the drivers of change. In addition, the underlying drivers of change including globalization, government policies and demographic changes constitute very strong influence for explaining the rate and pattern of transformation of good lands into degraded lands in the mud beach coast that should be fully investigated.
Finally, perhaps there are very few places in Nigeria where the impact of poor environmental management on rural lives and livelihoods is as graphic as in the mud beach coast (Iyun, 1998) . Unfortunately, for about forty years the rural dwellers of this coastal countryside have suffered from damage to the environment that they have made no direct contribution. This warrants serious attention from all stakeholders. Public awareness to generate local community support for protection of coastal and marine ecosystems is critical. Options include protection and conservation of mangroves, marsh, sea grass and littoral vegetation. Integrated coastal zone management strategies including better coastal planning and zoning, enforcement of existing legislations against unsustainable resource exploitation and ecosystems management, as well as sustained research into monitoring of the coasts and coastal ecosystems are important. Direct provisions to protect the mud-beach coast environment should also include creation of protected areas and establishing a monitoring system for ecosystems change. The expected take-off of large scale bitumen exploration in the northern axis of the mud beach coast will possibly put more pressure on the ecosystem and the good and services it delivers, which in comparable terms may rival land degradation presently being experienced in the southern axis. A holistic plan which integrates sustainable ecosystems management into resource exploitation plans in the mud beach coast is necessary to ensure environmental sustainability.
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